A meta-analysis is conducted on a set of empirical studies of information visualization. To be included in the meta-analysis, a study must meet a set of selection criteria. The meta-analysis synthesizes signi"cant levels and e!ect sizes, tests the heterogeneity of "ndings from individual studies included and tests the linear trends over a range of information visualization features with ascending visual-spatial complexity. Recommendations for future experimental studies of information visualizations are included.
Introduction
Many innovative information visualization techniques and systems have been developed. The signi"cance of empirical evaluations of these systems as well as speci"c features of visualization has been recognized and well understood. On the one hand, the number of empirical studies of information visualization features and systems is rapidly increasing. On the other hand, there is the urgent need for synthesizing various results across existing studies in the literature.
Similar issues have been traditionally addressed in a variety of disciplines using a quantitative synthesis method called meta-analysis. The greatest strength of a metaanalysis is that it can provide us a simpli"ed and synthesized view and reveal any invariant underlying relations in the vast amount of complex, and often con#icting and confusing information in the literature (Hunter, Schmidt & Jackson, 1982; Hunter & Schmidt, 1990) .
A number of fundamental issues must be addressed for the further development of the information visualization "eld. What is the central research question that most studies aim to address? What is the optimal task-feature taxonomy for information visualization design? What is the most commonly used experimental design? Is there any consensus that one can draw from the existing empirical "ndings in the literature? What is the most powerful visualization feature for a given task? To what extent are the current empirical "ndings consistent across di!erent studies?
We conduct a meta-analysis of information visualization studies in order to capture the current theories and practices in empirical examinations of information visualizations. This meta-analysis focuses on three aspects of information visualization, namely users, tasks and tools.
Users refer to the role of individual di!erences, especially cognitive factors, in the context of a work environment supported by information visualization. Tasks refer to the design of experimental studies involving information visualization. Tools refer to the variety of information visualization design options adopted in a study.
The subsequent meta-analysis utilize the same methodology used in a meta-analysis of hypertext systems (Chen & Rada, 1996) . In this meta-analysis, we apply the metaanalytical method to the "eld of information visualization. This is only the "rst step to build a task-feature taxonomy that can accommodate the majority mainstream information visualization technologies.
The rest of the article is organized as follows. First, we introduce the meta-analytical method to be used as well as the selection criteria for choosing appropriate studies for meta-analysis. Then, we present a subjective review of the studies identi"ed and synthesize the most commonly used hypothesis, independent variables and dependent variables. The meta-analysis is based on a substantial encoding process. Finally, the results of the meta-analysis are reported and discussed.
Method
This meta-analysis focuses on experimental studies in which independent variables are related to one of the three contextual variables (namely, users, tasks and tools).
Measures to do with users include several cognitive factors such as associative memory (MA), spatial ability (VZ) and visual memory (MA). However, because of the small number of papers that directly address these cognitive factors, they are excluded from the meta-analysis.
Two types of dependent variables encoded are accuracy and e$ciency measures. Accuracy measures typically include precision, error rate, the average number of incorrect answers and the number of correct document retrieved. E$ciency measures typically include the average time to completion and the performance time.
Tools refer to features of information visualization, including well-known visualization features such as cone trees, information landscape, associative networks and multidimensional scaling solutions.
According to Robert Rosenthal, there are six types of meta-analytic procedures, which include (1) comparing di!use studies of signi"cance testing, (2) comparing di!use studies of e!ect size estimation, (3) comparing focused studies of signi"cance testing, (4) comparing focused tests of e!ect size estimation, (5) combining studies of signi"cance testing and (6) combining studies of e!ect size estimation.
Two broad strategies are commonly used in a meta-analysis: comparing and combining empirical "ndings. A meta-analysis usually focuses on two major aspects of a causal relationship: the size of the e!ect and the signi"cance level of the e!ect.
In meta-analysis, there are two types of studies: di!use and focused studies. Di!use studies often investigate null hypothesis of interest, whereas focused studies typically have hypotheses in speci"c directions, often based on existing knowledge in the literature. In this meta-analysis, we include all the six types of analyses. The purpose of the study is to "nd invariant underlying relations suggested collectively by the empirical "ndings in order to form an overview of the design and practices of information visualization. This meta-analysis is based on 35 experimental studies published between 1991 and 2000. It focuses on the combined "ndings concerning following hypotheses. E!ects of users' cognitive ability.
852
E Users with stronger cognitive ability, i.e. higher psychometrics, tend to perform better with information visualization systems than users with weaker cognitive ability in terms of accuracy. E Users with stronger cognitive ability tend to perform better with information visualization systems than users with weaker cognitive ability in terms of the speed of performance.
E!ects of information visualization (Information visualization tools vs. none visualization tools).
E Users tend to perform better, in terms of accuracy or e$ciency, with interfaces with visualization components than interfaces without such features.
According to Ben Shneiderman's data-structure-oriented taxonomy, information visualization can be classi"ed according to the data types they use. His taxonomy includes seven classes, namely, one-, two-and three-dimensional, temporal, multidimensional, tree and network structures. These classes are not mutual exclusive. For example, one can have a three-dimensional (3-D) network or a two-dimensional (2-D) tree.
In this meta-analysis, we concentrate on information structures visualized in the form of tree and network structures. In addition, we particularly restrict studies to information-retrieval tasks.
SAMPLING
This meta-analysis followed the procedures of sampling, coding and analysis developed in the social and behavioral sciences (e.g. Glass, McGaw & Smith, 1981; Rosenthal, 1987) . Experimental studies were located from journals, conference proceedings and digital libraries such as the ACM Digital Library accessible on the web. 
CODING INDIVIDUAL STUDIES
Coding individual studies is an important step in meta-analysis. The following information was coded for each study: independent variables, dependent variables, sample sizes, methods of assigning subjects, the background of the researchers, visual-spatial components used, the year of publication, tasks and statistics of signi"cance tests. Figure 1 is a status diagram showing studies passed though each step of selection. Independent variables turned out to be very diverse across individual studies. Many studies were excluded from the "nal meta-analysis. On the other hand, it was a worthwhile process because it improves our understanding of the current practices of empirical studies of information visualization. A detailed explanation of the process is given as follows.
Among the 35 studies, eight studies were excluded in the "rst round because they did not include information-retrieval tasks. For example, Mahmoud, Clayden and Higgins (1999) compared the acquisition of environmental cognitive knowledge in the real world and its VRML simulation. It focused on the e!ect of design background and gender on spatial cognition in both displays. Colin Ware and Glenn Franck (Ware & Franck, 1996) studied the bene"ts of presenting abstract data in 3-D. Their results showed that motion cues combined with stereo viewing can substantially increase the size of the graph that can be perceived, however the main aims of them are not relating to information retrieval.
Seven studies were further removed because they only reported standard deviations and means. For studies that only report group means and standard deviations, the signi"cance levels can be calculated as paired t-tests. However, we decided to simplify the selection criteria and not to include such studies at this stage. For instance, Veerasamy and Belkin (1996) evaluated the use of a visualization tool for information retrieval and compared the e!ectiveness of the visualization tool to none visualization tools. However, they only reported the sample size, the mean and median as well as standard deviation in each condition. In practice, it is always possible for analysts to contact the original authors of such studies directly to obtain the necessary data. Twenty studies remained after this round.
According to our selection criteria, eligible studies must include visual}spatial components in user interfaces. We had to exclude three studies in which Scatter/Gather interfaces were used, which did not include visual}spatial displays.
Two studies compared TileBars-like visualization and none visualization versions of an information-retrieval system. Veerasamy and Heikes (1997) concluded that the graphically displaying document surrogate information enables set-at-a-time perusal of documents, rather than document-at-a-time perusal of textual displays. Whittaker, Hirschberg, Choi, Hindle, Pereira and Singhal (1999) compared their SCAN interface with a visual tape recorder and found that a multimodal interface supporting local navigation helps relevance ranking and fact-"nding. However, because they are the only two studies of this type in our sample, the number of studies is too small to run a meta-analysis. These two studies were subsequently removed from the dataset, which left eight studies. The remaining eight studies include information-retrieval tasks, have su$cient data for meta-analysis and, more importantly, include visual}spatial interfaces. Studies C26 and C27 examined the role of individual di!erences in information retrieval through a visual-spatial interface, including an investigation of various cognitive factors such as spatial ability (VZ), associative memory (MA) and visual memory (MV). However, because they are the only studies of this sort, it is not su$cient to conduct a meta-analysis (see Figure 2) . Finally, we have six studies fully satis"ed the selection criteria. Two broad types of causal relationships emerged.
1. E!ects of visual}spatial interfaces on information retrieval. 2. E!ects of cognitive ability of users on information retrieval. E!ects are measured by two categories of dependent variables: accuracy and e$ciency.
ANALYSIS
An e!ect size is the estimate of the magnitude of a speci"c relationship between two variables. Usually, one is the independent variable and the other is the dependent variable. E!ect size r can be calculated from a given one-tailed p value and the corresponding sample size. Tests of signi"cance alone are not informative enough for practitioners and designers of visualization systems to judge the usefulness of a visualization feature. This meta-analysis compares and combines e!ect sizes and signi"cance levels in the form of Fisher's standard score z P and the standard normal deviate score Z. An e!ect size r was transformed to Fisher's z P . For instance, an e!ect size r of 0.30 corresponds to Fisher's z P of 0.31. Z scores can be obtained from reported one-tailed p values of signi"cance tests according to cumulative distribution functions, such as ¹CDF and FCDF.
E!ect sizes in Fisher's z P were combined according to standard formulae, which can be found in textbooks on meta-analysis (e.g. Rosenthal, 1987) . The Z scores were combined according to Stou!er's method (see Rosenthal, 1987) . These two procedures of combination are recommended for their computational simplicity. Finally, the results of the combination were converted back to a correlation coe$cient r as the combined e!ect size and a one-tailed p value as the combined signi"cance level.
For studies that only reported group means and standard deviations, the signi"cance levels can be calculated as paired t-tests. However, we decided to keep our selection criteria simple and not to involve data that require additional processing at this stage. When results were reported as non-signi"cant, a p value of 0.50 and a Z of 0.00 were coded.
The heterogeneity test addresses whether the grouping factor is theoretically sound (see Figure 3) . A large heterogeneity usually suggests that the grouping factor may not capture the variance of a group of results. According to Rosenthal (1987) heterogeneity of a set of e!ect sizes refers to #uctuations from the average of the group. It follows a distribution of with K-1 degrees of freedom, where K is the number of studies. The heterogeneity of signi"cance levels has the same distribution. As shown in Figure 4 , a number of measures of accuracy were included, such as the average number of incorrect documents retrieved and recall. The measures of e$ciency include the completion time, performance time, response time and search time. The majority of visualization systems used in this meta-analysis are research systems, such as Data Mountain, AspInquery Plus, ThumbsPlaus, Zoomable Image Browser, LandScape, PhotoGoRound, NIRVE and MDS.
In comparing focused studies, we included a series of tests for linear trends. The purpose of such tests is to "nd out if the e!ect size is increasing over a range of visual-spatial design features. For example, contrast weighted e!ect sizes can be compared to determine whether the in#uence of explicit linkage display is substantial. One can assign contrast weights of !1, 0, and 1 to MDS, a minimum spanning tree, and a Path"nder network respectively, and "nd out whether there is a linear trend.
Results
The results of the meta-analysis are presented in two parts corresponding to users and tools. In each part, empirical "ndings of individual studies are compared and synthesized in terms of e!ect sizes and signi"cance levels. 
EFFECTS OF INDIVIDUAL DIFFERENCES ON ACCURACY
Individual di!erences refer to user's experience and their ability to use various visualization tools and their cognitive abilities in general. The synthesizing hypothesis states that users with stronger cognitive abilities, for instance, high VZ scores for spatial ability or high MA scores for associative memory, will bene"t signi"cantly more from visual}spatial interfaces than those with weaker cognitive abilities. The results from three studies were compared and combined (see Figure 5 ).
The combined e!ect size of cognitive abilities on accuracy is 0.60, which is usually regarded as a medium-to-large e!ect size. The combined signi"cance level Z is 6.66 and this is statistically signi"cant (p(0.001).
Comparing the signi"cance levels of di!use studies yielded a statistically signi"cant ( "15.99, df"2, p(0.001) . Comparing the e!ect sizes of di!use studies was also found statistically signi"cant ( "9.71, , df"2, p"0.0078) . These results have con-"rmed that the meta-analysis hypothesis, i.e. users' cognitive abilities have e!ects on accuracy with visualization interfaces (see Figure 6 ).
Comparing focused studies did not "nd a statistically signi"cant linear trend associated with the degree of visual}spatial features in interfaces. Contrast weights were assigned to MDS, Aspect window, and NIRVE (globe) on comparing focused tests are (Z ---"0.9822, p"0.16) and (Zr ---"0.5, p"0.28).
EFFECTS OF USER'S COGNITIVE ABILITIES ON EFFICIENCY
The meta-analysis hypothesizes that users with stronger cognitive abilities will perform more e$ciently than users with weaker cognitive abilities. This hypothesis was supported by all the results from studies C10, C21 and C25 (see Figure 7) . Results supporting the hypothesis were assigned positive signs and the negative sign indicate "ndings in opposite direction. . The e!ects of users' cognitive abilities on e$ciency.
The combined e!ect size of users' cognitive abilities is 0.59, which is statistically signi"cant (p"0.005, one-tailed). The combined signi"cance level Z is 6.66, which is also statistically signi"cant (p"0.005, one-tailed). The signi"cance levels in comparing di!use studies are heterogeneous according to the heterogeneity test ( "13.69, df"2, p"0.0002), which means that this set of "ndings are essentially di!erent from each other. On the other hand, the heterogeneous test of e!ect sizes in di!use studies is not statistically signi"cant ( "3.9; df"2; p"0.14), which means, in terms of e!ect sizes, this set of "ndings are similar to each other. There is a statistically signi"cant linear tread in terms of e!ect size across this set of studies. E!ect sizes on visual}spatial interfaces towards the high end tend to be smaller than those on visual}spatial interfaces towards the lower end (Zr ---"!1.36, p"0.0043). These results seem to suggest that given the same level of cognitive ability, users tend to perform better on lesssophisticated visualization interfaces. For example, users with MDS are likely to outperform their counterparts with NIRVE (globe) (see Figure 8 ). Note: One-tailed plevels are used. If a study does not report speci"cally on this, we presume they are two-tailed and they will convert to one-tailed p levels. 
EFFECTS OF VISUALIZATION ON ACCURACY
Five studies tested the e!ects of visualization. The hypothesis is that visual}spatial information-retrieval interfaces will enable users to perform better than traditional retrieval interfaces. This hypothesis was supported by four out of the "ve studies (see Figure 9 ).
The combined e!ect size is small (r"0.089) according to Cohen (1977) , but this is not statistically signi"cant (p"0.234). The individual e!ect sizes signi"cantly di!er from each other. The combined signi"cance level (Z"2.11) is also not statistically signi"cant (p"0.05).
Statistically signi"cant discrepancies were found among both signi"cance levels and e!ect sizes ( "39.89, df"4, p"0.000 and "64.12, df"4, p"0.000 , respectively) (see Figure 10) .
The results of linear trend tests in focused studies did not show a statistically signi"cant linear trend across the range of visual}spatial interfaces (Z ---"!0.464, p"0.32, one-tailed) . For example, users did not do increasingly better from MDS to the Data mountain.
EFFECTS OF VISUALIZATION ON EFFICIENCY
Three studies tested the e$ciency of visualization. The hypothesis is that users using visualization interface in information retrieval will perform more e$ciently than their using an none visualization interface. This hypothesis was supported by studies C8 and C19, but rejected in study C19 (see Figure 11 ).
The combined e!ect size is medium large (r"0.43) according to Cohen (1977) , but this not statistically signi"cant (p"0.05, one-tailed). The individual e!ect sizes di!er signi"-cantly from each other. The combined signi"cance level (Z"1.63) is statistically signi"-cant (p"0.025).
Statistically, neither e!ect sizes nor signi"cance levels were found consistent across studies by the heterogeous tests ( "20.5, df"2, p"0.000 and "36.79, df"2, p"0.000, respectively) . Linear trend tests did not "nd signi"cant linear trends (Z ---"!2.17, p"0.15, one-tailed) (see Figure 12 ).
Conclusions
Major conclusions we can draw from this meta-analysis can be summarized as follows.
E Empirical studies of information visualization are still very diverse and it is di$cult to apply meta-analysis methods. This is the "rst attempt in raising the awareness that it is crucial to conduct empirical studies concerning information visualization systematically within a comparable reference framework. As the number of studies on similar visualizations increases, we expect that regularly conducted meta-analyses would be particularly useful to help us to improve our understanding of the empirical aspect of the "eld as a whole.
In this meta-analysis, we have to reject many studies because they do not meet the conventional selection criteria for a meta analysis one way or the other. In order to improve the quality, clarity and comparability of experimental studies of information visualizations, future experimental studies of information visualizations should carefully take into account the following six aspects of an experimental design.
1. The use of standardized testing information. 2. The clarity of descriptions of visual}spatial properties of information visualizations. 3. The use of standardized task taxonomies for activities such as visual information retrieval, data exploration and data analysis. 4. The focus on the task-feature binding to be investigated in experimental studies. 5. The use of standardized cognitive ability tests. 6. The level of details in reporting statistical results.
Some of the resources are available and some are yet to be developed to enable us to carry out experimental studies at a larger scale of consistency and comparability. For example, many experiments have already made the use of the data collections prepared by NIST for the TREC Conference series-. These collections include not only documents but also pre-de"ned queries and relevance judgements given by domain experts. The Kit of Factor-Referenced Cognitive ¹ests? has been widely used to measure individuals' cognitive abilities. Conventions of reporting statistical results should become a part of the standard instructions for authors in key journals and conferences in the "eld, for example, use p"0.078 rather than p(0.1.
The more challenging issue is the design of realistic and practical tasks that can really put speci"c features of information visualization into test. The provision of more task-feature taxonomies is certainly desirable so as to widen the range of our options in designing experimental studies. The development of task-feature taxonomies relies on a better understanding of how users make use of given visualization functions. To a large extent this is an adaptation process between users, available visualization functions and their tasks at hand*there is always more for us to "nd out.
By following the above guidelines towards more consistent and comparable experimental studies, we will be able to utilize analysis and synthesis tools such as 864 meta-analytical methods more e!ectively. We will be able to make sense of diverse and possibly con#icting empirical "ndings more con"dently and systematically and we will be able to improve our knowledge of what makes an information visualization useful and how we can make it even better.
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